Fluvial sediment dynamics plays a key role in the Amazonian environment, with most of the sediments originating in the Andes. The Madeira River, the second largest tributary of the Amazon River, contributes up to 50% of its sediment discharge to the Atlantic Ocean, most of it provided by the Andean part of the Madeira basin, in particular the Beni River. In this study, we assessed the rainfall (R)-surface suspended sediment concentration (SSSC) and discharge (Q)-SSSC relationship at the Rurrenabaque station (200 m a.s.l.) in the Beni Andean piedmont (Bolivia). We started by showing how the R and Q relationship varies throughout the hydrological year (September to August), describing a counter-clockwise hysteresis, and went on to evaluate the R-SSSC and Q-SSSC relationships. Although no marked hysteresis is observed in the first case, a clockwise hysteresis is described in the second. In spite of this, the rating curve normally used (SSSC = aQ b ) shows a satisfactory R 2 = 0.73 (p < 0.05). With regard to water discharge components, a linear function relates the direct surface flow Q s -SSSC, and a hysteresis is observed in the relationship between the base flow Q b and SSSC. A higher base flow index (Q b /Q) is related to lower SSSC and vice versa. This article highlights the role of base flow on sediment dynamics and provides a method to analyze it through a seasonal empirical model combining the influence of both Q b and Q s , which could be employed in other watersheds. A probabilistic method to examine the SSSC relationship with R and Q is also proposed.
Introduction
The erosion of the eastern flank of the tropical Andes is the principal provider of the sediment load observed in the Amazon Basin, with a major contribution from the Ucayali and Madeira Rivers [1] [2] [3] [4] , tributaries that originate in the southern Andes. The Madeira River alone contributes nearly 50% of the Amazon River sediment load, most of it provided by the Beni River, a tributary that rises in the Bolivian Andes, where sediment yields up to 18,000 t·km −2 ·year −1 have been estimated [5] [6] [7] [8] . In fact, many geomorphological, biochemical and ecological features of the Amazon plain are linked to the magnitude and variability of water and sediment supplied from the Andes [9] .
However, there is no agreement regarding the main factors that control erosion in the Bolivian Andes. Although for Dunne et al. [10] the main factor was vegetation cover, for Filizola et al. [7] it was rainfall and runoff, for Pepin et al. [11] it was climate variability, and Aalto et al. [12] found that topographic steepness and lithology appear to have the most active effects. By contrast, Safra et al. [13] suggested that climate and lithology do not appear to exert a primary control over the erosion rates in the Bolivian Andes. It is important to note that due to the non-linear relationship between the different factors that control erosion, it is often challenging to identify a dominant driving factor. Moreover, some of the disagreement arises from the variety of data and methodologies applied. In terms of relationships, Guyot et al. [14] found that water discharge and solid fluxes were related, but relationships between rainfall and discharge with sediment load have not been further assessed in this Andean sub-basin. Recent studies [15, 16] have determined that groundwater is a significant contributor to the water discharge in many Amazon headwater sub-basins and could influence sediment concentrations as well.
The suspended sediment concentration (SSC), averaged at the river cross-section, is typically evaluated by their water discharge (Q) relationship. The most common empirical relationship between suspended sediment and water discharge is the power function SSC = aQ b . Such an empirical relationship has several control factors embedded in the a and b coefficients. However, if hysteresis patterns in the Q-SSC relationship are found [17] [18] [19] [20] , this power function cannot be appropriately used. In the Amazon plain, more specifically at the station of Óbidos, a clockwise hysteresis between Q-SSC is found as a result of the different hydrological cycles from the main tributaries (Solimões, Negro and Madeira) [21] . Further developments on those empirical relationships are listed in Vercruysse et al. [22] including data mining techniques like fuzzy logic, artificial neuronal networks and principal components analysis. Copula functions were tested in Slovenian rivers, to estimate event-based SSC [23] and in the Weine River in China to evaluate the variations in the runoff-sediment relationship [24, 25] . On the other hand, more straightforward and direct empirical models can be established by using the rainfall in the equations, with the additional advantage that rainfall data is more widely available [26] . The empirical Q-SSC relationship has also been enhanced by considering the surface and groundwater contribution separately, as observed in Senegal, in Mexico and Nepal [27] [28] [29] . In Senegal, the authors found that suspended sediment concentration is diluted by the subsurface and groundwater discharge [27] . Similar findings were found for Nepal, further related to the monsoon rainfall seasonality [29] .
As climate change and human perturbations may have severe impacts on the hydrological cycle of the Upper Madeira sub-basin [30] , including potential implications on the sediment yield and dynamics [31] of the Beni River sub-basin, we need to improve our knowledge of the rainfall-discharge-SSC relationship in this region, and also to generate estimation tools for assessing those impacts. This knowledge is further needed as there are proposals for big hydropower dams for this Andean-Amazon sub-basin near its outlet [32, 33] . Accordingly, this study aims to (1) evaluate the relationship of rainfall and water discharge components (i.e., direct and base flow) with surface suspended sediment concentration (SSSC) at the Rurrenabaque (RU) gauging station (at the Beni Andean sub-basin outlet) between 2003 and 2016 and (2) assess empirical and probabilistic methods to estimate monthly SSSC. Please note that we evaluated SSSC relationships only, as SSSC is directly recorded at Rurrenabaque, while SSC needs to be calculated with a power-rating curve [3] , thus adding further uncertainties to the calculations.
Material and Methods

Study Area
The Upper Beni sub-basin is located to the east of the Andean Cordillera in Bolivia, between 14 • and 18 • S and 66 • and 69 • W. It extends over an altitude range of 200-6450 m a.s.l. and an area of 70,000 km 2 , which represents 25% of the Beni sub-basin and 6.3% of Bolivia's territory ( Figure 1a ). McQuarrie [34] divided the sub-basin into four tectono-structural zones: (1) the Altiplano, a low-relief plateau in Quaternary rocks; (2) the Eastern Andean Cordillera, a thrust belt that deforms lower Paleozoic rocks; (3) the Inter-Andean zone, with a structure similar to that of the Eastern Cordillera, but with younger rocks and deformation at higher structural levels and (4) the Sub-Andes, consisting of faulted folds within Tertiary foreland sedimentary rocks.
The interaction between the complex topography and large-scale atmospheric circulation (e.g., South American Monsoon System, the South American Low-Level Jet, Southern winds intrusions, etc.), creates a complex spatial rainfall distribution, with annual precipitation ranging from under 300 to over 4500 mm·year −1 [35] [36] [37] . For the 2003-2016 period at RU, the mean annual rainfall was estimated at 1230 mm by the satellite-based precipitation product CHIRPS.v2 (Climate Hazard Group Infrared Precipitation with Stations in its second version) [38] , with more than 50% (770 mm) of the annual rainfall occurring during the austral summer (December-March, DJFM; Figure 1b ) [35] .
Climate and geology give origin to very contrasting landscapes: from semi-arid, highly erodible sub-basins incised in the Altiplano (La Paz River), to densely vegetated hyper-humid sub-basins on the Eastern Cordillera (Yungas valleys) and the Alto-Beni foothills in the Sub-Andes region [39] . Those factors also enable significant groundwater recharge in nearly 70% of the sub-basin, estimated at 100-300 mm·year −1 [40] (Figure 1a ), inferring that groundwater supports a significant part of the total streamflow, as described by [15] .
Erosion at Angosto del Bala (former RU gauging station) and RU were estimated by Guyot et al. [6] and Vauchel et al. [3] in 3140 and 2745 t·km 2 ·year −1 over two different periods, 1984-1989 and 2002-2011, respectively . Suspended sediment loads of nearly 212 and 192 Mt·year −1 and mean annual water discharge (Q) of 1990 and 2014 m 3 ·s −1 were estimated for the same locations and periods. Erosion rates estimated by Guyot et al. [6] at Angosto del Bala and three upstream stations are presented in Figure 1a . The largest erosion rate was estimated at 18,250 t·km 2 ·s −1 for the La Paz River sub-basin at the Cajetillas station to the southwest of the Andean Beni River sub-basin. Suspended sediment load at RU represents 55% of the Beni River sediment load estimated at the Cachuela Esperanza outlet gauging station for the 2002-2011 period [3] . Regarding particle size distribution, suspended material seems to be dominated by fine sands and silts, with a clay fraction that exceeds 10% [39] .
The annual evolution of the water discharge at RU shows a behavior similar to the CHIRPS' estimated rainfall for the study period, with a peak from January that extends to March. SSSC begins to increase in mid-September with the beginning of the rains, with a peak between January and February. Notably, as water discharge at RU during March is almost as high as in February (4000 m 3 ·s −1 ), SSSC decreases from a mean value of 3100 mg·L −1 in February to 1600 mg·L −1 in March (Figure 1c [41] , sediment yields from Guyot et al. [6] , and groundwater recharge from Bundesanstalt für Geowissenschaften und Rohstoffe (BGR) [40] , (b) CHIRPS.v2 [38] , (c) and (d) Hydrogéochimie du Bassin Amazonien (HYBAM), [42] . In (c) the 12,230 m 3 ·s −1 measured during the extreme rainfall event in February 2014 is not plotted for visual purpose of the y-axis.
Data and Methodology
Mean Andean Beni sub-basin rainfall was estimated from the satellite-based precipitation product CHIRPS.v2 [38] with a 0.05° spatial resolution. This satellite dataset is freely available at the Climate Hazards Center website [43] and has been previously validated with an observed dataset for the Amazon Basin by Espinoza et al. [44] and for the Northern Altiplano by Sátge et al. [45] . Water discharge and instant surface suspended sediment concentration (SSSC) measured at RU for a common period were available at the HYBAM Observatory (HO) website [42] . SSSC measurements were interpolated to generate daily time-series through the Hydraccess program [46] and averaged to the monthly scale. Hydraccess is freely accessible at the HO website and offers several hydroclimatological data analysis tools. The measurement procedure and data quality can be read at Vauchel et al. [3] . We evaluated the time-series for the common period from March 2002 to October 2016, analyzing the temporal variability on a monthly time-scale, considering the hydrological year from September to December (yeart−1) to January to August (yeart0).
We analyzed possible relationships through linear Pearson correlation (r) and ranked Kendall coefficient (τ). After observing a high agreement between the time-series, we evaluated the power function based on the water discharge ( Table 1 ). We also conducted separate evaluations of surface flow (Qs) and base flow (Qb; Table 1 ). The discharge components were separated at daily time step through the recursive digital filter, and then averaged to the monthly scale. The recursive filter uses a frequency analysis separating the Qs with the following equation [47] :
Here, Qs,t is the filtered surface discharge at the time step t; Qs,t−1 is the filtered surface discharge at the t-1 time step; ∝ is the filter parameter and Qt is the total discharge at t and Qt−1 is the total discharge at t-1. Hence the base flow is Qb = Qt − Qs and the base flow index (BFI) is the relationship between the base flow and the total discharge (Qb/Q). Qs and Qb separation was achieved using the free Web-based Hydrograph Analysis Tool (WHAT) from Purdue University [48] . The ∝ filter parameter ranges from 0.90 to 0.95. It was set to 0.93 in this study using the master recession curve (MRC) [47, 49] . The MRC represents the summary of all the hydrograph's recession fragments (i.e., [41] , sediment yields from Guyot et al. [6] , and groundwater recharge from Bundesanstalt für Geowissenschaften und Rohstoffe (BGR) [40] , (b) CHIRPS.v2 [38] , (c) and (d) Hydrogéochimie du Bassin Amazonien (HYBAM), [42] . In (c) the 12,230 m 3 ·s −1 measured during the extreme rainfall event in February 2014 is not plotted for visual purpose of the y-axis.
Mean Andean Beni sub-basin rainfall was estimated from the satellite-based precipitation product CHIRPS.v2 [38] with a 0.05 • spatial resolution. This satellite dataset is freely available at the Climate Hazards Center website [43] and has been previously validated with an observed dataset for the Amazon Basin by Espinoza et al. [44] and for the Northern Altiplano by Sátge et al. [45] . Water discharge and instant surface suspended sediment concentration (SSSC) measured at RU for a common period were available at the HYBAM Observatory (HO) website [42] . SSSC measurements were interpolated to generate daily time-series through the Hydraccess program [46] and averaged to the monthly scale. Hydraccess is freely accessible at the HO website and offers several hydro-climatological data analysis tools. The measurement procedure and data quality can be read at Vauchel et al. [3] . We evaluated the time-series for the common period from March 2002 to October 2016, analyzing the temporal variability on a monthly time-scale, considering the hydrological year from September to December (year t−1 ) to January to August (year t0 ).
We analyzed possible relationships through linear Pearson correlation (r) and ranked Kendall coefficient (τ). After observing a high agreement between the time-series, we evaluated the power function based on the water discharge (Table 1) . We also conducted separate evaluations of surface flow (Q s ) and base flow (Q b; Table 1 ). The discharge components were separated at daily time step through the recursive digital filter, and then averaged to the monthly scale. The recursive filter uses a frequency analysis separating the Q s with the following equation [47] :
Here, Q s,t is the filtered surface discharge at the time step t; Q s,t−1 is the filtered surface discharge at the t-1 time step; ∝ is the filter parameter and Q t is the total discharge at t and Q t−1 is the total discharge at t-1. Hence the base flow is Q b = Q t − Q s and the base flow index (BFI) is the relationship between the base flow and the total discharge (Q b /Q). Q s and Q b separation was achieved using the free Web-based Hydrograph Analysis Tool (WHAT) from Purdue University [48] . The ∝ filter parameter ranges from 0.90 to 0.95. It was set to 0.93 in this study using the master recession curve (MRC) [47, 49] . The MRC represents the summary of all the hydrograph's recession fragments (i.e., period of no or reduced recharge but with groundwater drainage, in this case from May to August), and relates these fragments through concatenation so that a main curve can be established with MRC = Q o e −( t k ) , ∝= e −( 1 k ) and with k as a recession constant. We subsequently evaluated the multivariate distributions (i.e., rainfall, total water discharge and SSSC) using the Copula function so that we could model the joint cumulative distribution between the variables at a monthly time-scale. This function can model the dependence of uniformly transformed observations described as pseudo-observations [50, 51] . For a bivariate case, the link between a Copula, denoted as C(u 1 ,u 2 ), and bivariate distribution is provided by Sklar's theorem, with the Equation (5) presented in Table 1 [50] . In this equation, F(x 1 ,x 2 ) is the joint cumulative distribution function with the continuous marginal distribution functions (i.e., each univariate probability distribution) of the random variables: F 1 (x 1 ) and F 2 (x 2 ).
To set up a Copula model the appropriate family must be selected through the Akaike information criterion (AIC) and the corresponding parameter(s) estimated for each family by statistical inference (maximum likelihood) [52, 53] . Since each Copula depends on the type of dependence between the variables, we verified it through Kendall's τ. To model dependence among time-series using Copula, each time-series must be independent and identically distributed. The temporal dependence among the variables must therefore be eliminated beforehand. Several authors have applied Copula to model this type of variables based on the normalized time-series [54] or based on the standardized residuals resulting from time-series models applied to each variable separately [55, 56] . In our work the original time-series were standardized, and when a temporal dependence was found after the Ljung-Box and Box-Pierce tests [57] , an autoregressive-moving-average (ARIMA) model was applied to remove the temporal dependence, resulting in uncorrelated time-series of residuals. The ARIMA model takes the following form [58] :
Here, y t is the value at the time step t; µ and ∅ 1 are fitted parameters of the model and ε t is the uncorrelated residual of the time series been analyzed (also known as the noise).
We conducted a frequency analysis based on the time-series to define the best distribution for modeling these margins. Several probability distributions were included in the analysis, which are described by different numbers of parameters. Additionally, we considered several methods of estimating the parameters (method of moments, maximum pseudo-likelihood and L-Moments).
Finally, we conducted SSSC estimation based on Q and R as follows: (1), for each pair of variable Q-SSSC and R-SSSC we conducted a simulation of 20,000 uniform random variables (0,1) by using each Copula; (2), the mean value of all 20,000 possible pseudo-SSSC was selected to estimate SSSC and (3) the two mean pseudo-SSSC time-series were transformed from the copula space (0,1) to the real space as standardized time-series, which were then converted to SSSC. Note that other parameters (median and quartiles) from each simulation can also be used to estimate SSSC.
All the estimations for univariate and copula analyses presented here were performed using R [59] . The parameters of the marginal distributions were estimated by the L-moments method using the Lmomco package [60] , and method of moments and maximum likelihood with the Fitdistrplus package [61] . The Copula [62] [63] [64] [65] and VineCopula [66] packages were used for the parameter estimation of the copula models and the synthesis of random pairs of dependent variables. 
Dependence
Type of Function Analyzed Equation (5) The statistical criteria used for evaluating the performance of the different methods were the percent bias (PBIAS), Nash-Sutcliffe efficiency (NSE), coefficient of determination (R 2 ), Kendall's τ and the maximum under-and over-estimation range ( Table 2 ). PBIAS measures the tendency of simulated data to be larger or smaller than the observed counterpart. The NSE is a normalized statistic for determining the relative magnitude of the residual variance compared with the measured data variance [67] , indicating the agreement between observed versus simulated data. The coefficient of determination (R 2 ) describes the proportion of the variance in measured data explained by the model. It ranges from 0 to 1, with values closer to 1 indicating less error variance. [68] .
Here xobs(i) refers to observed data at month i, with xobs as the mean and ymod(i) for model estimation with ymod as the mean. For Kendall's Tau: P n number of concordant pairs, with n as the number of pairs; two pairs ( Additionally, a cross-validation approach was adopted. First, functions were generated by removing one hydrological year in each step. Then estimates of the removed year were calculated by the generated functions. Finally, the statistical metrics used for the performance evaluation were employed for both the removed and non-removed years. In the case of the bivariate Copula functions, family and parameters stability were also compared.
Results and Discussions
Multivariate Time-Series
The relationship between the monthly time-series was assessed through Kendall's correlation coefficients. All were significant at 99% of confidence (Table 3 ). R-Q had a higher correlation after a one-month lag with τ = 0.70 (τ = 0.57 without lag). However, correlation τ = 0.65 with the SSSC is the same for both Q and a one-month lag (Q-Lag) series. The one-month lag and the discharge peak that lasts until March indicate the progressive drainage of water storage in the sub-basin. The absence of lag between the rainfall and SSSC responds to the short time concentration, of about three days [69] related to the direct flow. A R-Q counter-clockwise hysteresis can be observed, with different relationships established for the start of the rainfall in September to its peak in January period, and for the February to August period (Figure 2a ). This reflects the increase of water contribution from the whole basin from the start of the rainfall, with subsequent rainfall and surface contribution cessation. The R-SSSC relationship describes a potential function for the same periods analyzed between R-Q. Though an evident hysteresis was not observed, this relationship was lost in February and modified for the rest of the year (parameter a changes from 0.23 to 2.13; Figure 2b ). The R-SSSC relationship shows a differentiated spatial distribution into the December-April wet season (Figure 3 ). While positive significant correlations were observed during the rainfall peak in January in 90% of the sub-basin (r > 0.5, p < 0.05), correlation was lost during the discharge peak in February followed by an increase from March in the south-eastern part of the sub-basin that lasts until April (r > 0.8, p < 0.05). The most erodible region (the one with the highest sediment yield) could therefore not be identified by studying spatio-temporal relationships between CHIRPS data and SSSC values throughout the year. (Figure 2c ). As observed by Andermann et al. [29] in the Himalayas, the fact that water discharge displays a clockwise hysteresis within the SSSC suggests that material supply varies between seasons. The authors also observed a counter-clockwise hysteresis between R-Q, which was related to the transient storage and release of water in the basin from the basement aquifer, which in turn could control the sediment concentration transported by the river because of the dilution differential. 
The Relationship of Water Discharge Components (Qs and Qb) with SSSC
After separating the direct flow (Qs) and base flow (Qb) from the total water discharge, a hysteresis pattern emerges from the relationship between temporal Qb-SSSC series, and a linear relation between Qs-SSSC (Figure 4a,b) . The hysteresis could be distinguished in the following three periods: the first from the start of the rainfall in September until its peak in January (SONDJ) when concentration increased from the previous dry season (SSSC = 0.90Qs, Figure 4b ); during the second period, R and Qs decreased, which generated the start of SSSC decline from February until April SSSC = 0.76 Qs, (Figure 4b) ; this reduction was further pronounced for the following months (May-August dry season), which was the third hysteresis period until the next rainy season. We observed this hysteresis throughout all the fourteen years analyzed, including the heavy rainfall event of the austral summer of 2013-2014 [70] , with an extended influence in 2015 (Figure 4a ). Regarding the BFI, the relationship with SSSC shows an exponential decay (R 2 = 0.76), with SSSC less than 1000 mg·L −1 for a ratio larger than 0.60. A very dominant base flow (BFI > 0.90) was associated with a very low mean SSSC value of 140 mg·L −1 and a coefficient of variability (CV) of 0.81 (Figure 4c ). Conversely, the diminution of base flow was accompanied by a varied increase of sediment concentration. The SSSC shows a high variability (CV of 0.99) at the start of the rainy season, which decreased to 0.72 after its 
The Relationship of Water Discharge Components (Q s and Q b ) with SSSC
After separating the direct flow (Q s ) and base flow (Q b ) from the total water discharge, a hysteresis pattern emerges from the relationship between temporal Q b -SSSC series, and a linear relation between Q s -SSSC (Figure 4a,b) . The hysteresis could be distinguished in the following three periods: the first from the start of the rainfall in September until its peak in January (SONDJ) when concentration increased from the previous dry season (SSSC = 0.90Q s , Figure 4b ); during the second period, R and Q s decreased, which generated the start of SSSC decline from February until April SSSC = 0.76 Q s, (Figure 4b) ; this reduction was further pronounced for the following months (May-August dry season), which was the third hysteresis period until the next rainy season. We observed this hysteresis throughout all the fourteen years analyzed, including the heavy rainfall event of the austral summer of 2013-2014 [70] , with an extended influence in 2015 (Figure 4a ). Regarding the BFI, the relationship with SSSC shows an exponential decay (R 2 = 0.76), with SSSC less than 1000 mg·L −1 for a ratio larger than 0.60. A very dominant base flow (BFI > 0.90) was associated with a very low mean SSSC value of 140 mg·L −1 and a coefficient of variability (CV) of 0.81 (Figure 4c ). Conversely, the diminution of base flow was accompanied by a varied increase of sediment concentration. The SSSC shows a high variability (CV of 0.99) at the start of the rainy season, which decreased to 0.72 after its February peak. The Q s contribution thus presents a linear relationship for the annual cycle within the suspended sediments (R 2 = 0.66). However, if we consider the hysteresis periods and their relationships with the discharge components, we see the following fitted parameters:
Notably, the total discharge Q vs. concentrations in the previous section, combined the solid matter mobilized by the direct flow Q s and by the effect of groundwater Q b . Groundwater generated the dilution of sediment concentrations and increased the river transport capacity. This suggests that the suspended matter in this sub-basin was not dependent on the magnitude of water discharge but on the transport capacity that exceeds the material mobilized by the direct flow. As described by Santini et al. [71] on the Peruvian Andean Amazon Rivers (Ucayali and Marañon), when the fine suspended fraction is dominant, the wash load depends on different factors such as the matter availability, rainfall and sediment entrainment processes that occur on the hillslopes, which can act alone or in combination.
the dilution of sediment concentrations and increased the river transport capacity. This suggests that the suspended matter in this sub-basin was not dependent on the magnitude of water discharge but on the transport capacity that exceeds the material mobilized by the direct flow. As described by Santini et al. [71] on the Peruvian Andean Amazon Rivers (Ucayali and Marañon), when the fine suspended fraction is dominant, the wash load depends on different factors such as the matter availability, rainfall and sediment entrainment processes that occur on the hillslopes, which can act alone or in combination. Andermann et al. [29] observed in Himalayan' rivers that annual groundwater fluctuations are associated with the rainfall monsoon seasonality. Due to this, the authors concluded that the total discharge could not be used for estimating sediment concentration unlike direct surface flow. Likewise, our results were in accordance with the hysteresis found between the water discharge and the conductivity (related to dissolved solid material) described at Rurrenabaque by Moquet et al. [72] . The latter authors suggested that during the rainy season (November-May), the highest concentrations were found in response to surface runoff mobilization, while during the dry period, the variability would be mainly controlled by the dilution associated with groundwater inputs.
Bivariate Copula Functions
To find a joint Copula function between the marginal distributions, we first verified the autocorrelation from the three standardized time-series. There was no significant autocorrelation for Andermann et al. [29] observed in Himalayan' rivers that annual groundwater fluctuations are associated with the rainfall monsoon seasonality. Due to this, the authors concluded that the total discharge could not be used for estimating sediment concentration unlike direct surface flow. Likewise, our results were in accordance with the hysteresis found between the water discharge and the conductivity (related to dissolved solid material) described at Rurrenabaque by Moquet et al. [72] . The latter authors suggested that during the rainy season (November-May), the highest concentrations were found in response to surface runoff mobilization, while during the dry period, the variability would be mainly controlled by the dilution associated with groundwater inputs.
To find a joint Copula function between the marginal distributions, we first verified the autocorrelation from the three standardized time-series. There was no significant autocorrelation for the R-SSSC within the Ljung-Box and Box-Pierce test p < 0.39 and p < 0.29, respectively. However, since water discharge is a highly autocorrelated variable, as was observed (p < 0.0001), we used an autoregressive-moving-average (ARIMA) model to removed it and use the uncorrelated residual time-series (p < 0.21, from now on Q re ). As a result, the Kendall's correlation coefficients for the dependence between the variables were τ = 0.35 (p < 0.0001) for the R-SSSC relationship and τ = 0.34 (p < 0.0001) for Q re -SSSC.
After evaluating different distribution functions, the marginal distributions for the variables were: Pearson 3 (NSE = 0.99; BIAS = 0.004) for the rainfall, generalized extreme value (NSE = 0.99; BIAS = 0.005) for the Q re, and Weibull 3 for the SSSC (NSE = 0.99; BIAS = 0.006). The joint functions were then determined, and in both cases a Gaussian Copula was selected after a minimum AIC value, -52.64 and -46.72, for R-SSSC and Q re -SSSC, respectively. For the R-SSSC function the Gaussian parameter = 0.54 was determined and for the Q re -SSSC, 0.52. With the defined Copula functions, we made the two simulations of 20,000 pseudo Copula anomalies. From each simulation, we estimated the mean value and transformed it to the standardized SSSC values, which were later converted to SSSC (estimated SSSC in Section 3.4).
SSSC Estimations Assessments Performance
The SSSC estimations based on the functions above result in the following four time-series ( Figure 5 ). These are presented within their cumulative distribution function (CDF) to be able to compare not only the annual cycle but also to represent the observed SSSC parameters for the 2003-2016 period. When we considered only the power function as it was normally used, it is notable that in years with two sediment peaks, the first one was not represented as well as the second one (e.g., 2002-2003 and 2006-2007) . We believe this was related to the change of relationship observed within the R-Q hysteresis periods (Figure 2a ). Indeed, the first peak occurred in January while the second occurred in March. The recession period in the sedimentological curve was well represented by most of the years; however, it presented a delay during 2010 and 2011 and had no relationship to the extreme rainfall event of 2013-2014 ( Figure 5a ). The CDF shows that low SSSC denoted by the percentile 25 (P-25) was well represented (+14%) by the power function. However, from the percentile 75 (P-75) the parameter was below 20% and below 30% for the percentile 90 (P-90). Analyzing the above time-series generated in terms of their modeling statistics, more information from the classical discharge power function to the bivariate Copula functions led to a reduction in the PBIAS and an increase in the R 2 and NSE, varying the range of under-and overestimation (Table 4 ). What is of interest is that even the Copula functions had very good performance ratings over the complete time-series estimation, but they underestimated the two highest SSSC months (i.e., January and February). The observed mean peak in 2005 and 2008, 4660 and 4350 mg·L −1 , respectively were poorly estimated by the bivariate Copula functions, at nearly -36% and -31%, while the lowest observed mean peak in 2009 of 1780 mg·L −1 was overestimated by more than +68%. Indeed, The seasonal function between the water discharge components and SSSC described better SSSC peaks and the rising period, as observed in 2003-2004 and 2007-2008 (Figure 5b ). This suggests that the rising limb and first peak in January were better represented by the direct discharge and not by the total discharge. Nevertheless, unlike the power function, it could not estimate the highest peaks (e.g., 2004-2005, 2009-2010 and 2012-2013) . The former was observed in the CDF, in which the P-90 was underestimated by 16%. However, the CDF shows an improvement for the range between P-50 and P-75 in +1% and could represent the absence of or low direct discharge (between May and August) overestimating the P-25 by +3%.
In contrast with the above analysis, when we evaluated the bivariate Copula functions, the interannual and CDF improved, although in years with two peaks in some cases, the peaks were lost (e.g., [2006] [2007] . It is noteworthy that for the two Copula simulations, there were no major differences when considering the rainfall or the water discharge as independent variables, so even though it is a probabilistic model, it can be a useful statistical technique for estimating SSSC based only on one of the variables. Nevertheless, high SSSC was underestimated, with the P-90 below 10%, a P-50 underestimate of nearly 10%, while in both cases the P-25 (+3%; Figure 5c ) was well represented.
Analyzing the above time-series generated in terms of their modeling statistics, more information from the classical discharge power function to the bivariate Copula functions led to a reduction in the PBIAS and an increase in the R 2 and NSE, varying the range of under-and over-estimation (Table 4 ). What is of interest is that even the Copula functions had very good performance ratings over the complete time-series estimation, but they underestimated the two highest SSSC months (i.e., January and February). The observed mean peak in 2005 and 2008, 4660 and 4350 mg·L −1 , respectively were poorly estimated by the bivariate Copula functions, at nearly -36% and -31%, while the lowest observed mean peak in 2009 of 1780 mg·L −1 was overestimated by more than +68%. Indeed, none of the functions were able to estimate the highest sediment peak during 2008. It is important to point out that the study period was too short, and that of the 176 months available of SSSC, only 10 months had concentrations larger than 4000 mg·L −1 , which made it impossible for all the functions to represent these concentrations. Between January and February 2014 alone, instant measurements were larger than 5300 mg·L −1 , while in February 2013 a 15,100 mg·L −1 was reported. Though values larger than 4000 mg·L −1 might be considered as outliers, they could represent flash floods that can occur over this piedmont station, affecting the daily time-series interpolations and monthly aggregation [3] . Results of the cross-validation indicate that both the 2005 drought and 2014 flood events were better represented by the seasonal function than the potential (Table 5 ). Which in turn had a similar performance as the one estimated by the bivariate Copula functions. Additionally, through this procedure we could observe that the joint behavior of Q-SSSC was adequately represented by the Gaussian Copula in 13 out of the 14 steps. Moreover the estimated parameters were comparably ranging from 0.49 to 0.55 (0.52 for the all period, Section 3.3), indicating an analogous correlation for all years. Conversely, R-SSSC showed to have different joint behavior for the analyzed years as different types of Copula were selected (Gaussian in six cases, Gumbel in five and Tawn in three). This suggests a difficulty of the bivariate Copula to represent the rainfall variability and its dispersion in the joint function with the SSSC. 
Conclusions and Perspectives
Two approaches were used to estimate the surface suspended sediment concentration (SSSC) for the Andean Beni sub-basin in Bolivia based on its rainfall and water discharge relationships (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) (2016) . First, we evaluated the power function regularly used to estimate SSSC based on water discharge, followed by the assessment of the SSSC relationship between the surface and base flow contribution. The former approach was compared with SSSC estimates based on the probabilistic Copula function through statistical criteria (i.e., PBIAS, R 2 , NSE, Kendall's τ and under/overestimation range). We also compared the results based on the model's ability to achieve satisfactory annual behavior.
Our results confirmed the dual role rainfall had on the suspended sediment dynamics, first by promoting solid material detachment and moving it to the river channel by the surface flow and second, by recharging the groundwater, which in turn promoted the dilution of the sediment concentration. Our results provided a further understanding of the relationships between these variables in this Andean Amazon sub-basin. Nevertheless, there are other factors and characteristics within the rainfall and water discharge that need to be further evaluated (including total duration of rainfall events, intensity and antecedent rainfall conditions including soil wetness) at other spatial and temporal scales.
The main results of this research were:
1.
Although the power rating curve presented a satisfactory R 2 = 0.73, it was insufficient to estimate SSSC, because it did not account for scatters along the regression curve, caused by events with high SSSC and the hysteresis between the variables (rainfall vs. water discharge and base flow vs. SSSC).
2.
The evaluation of the SSSC differentiating the contribution of direct surface and base flows from total water discharge allowed us to see the role these components had in the sediment dynamics in this sub-basin. Thus SSSC was estimated through a sum of seasonal functions based on surface and base flow contributions. Considering other floodplain areas and aquifers, mainly at the sub-basin's headwaters in the Amazon, future sediment dynamic research could take into account the potential role of base flow in the suspended sediment concentration.
3.
By considering the time-series' marginal distributions in a bivariate Copula function, we reduced the PBIAS significantly to less than 6% and achieved a very good NSE of 0.83. Furthermore, the annual cycle could be reproduced satisfactorily. However, it is not only the stability of the time-series, which must be continuously evaluated to search for changes in the distributions' parameters that can modify the Copula function; it is also necessary to consider that as a probabilistic technique it still fail to establish the physical understanding that relates the variables.
Moreover, a further evaluation could consider using a multivariate Copula to estimate SSSC based on both (rainfall and discharge) in the same joint function.
Finally, we acknowledge that the selection of the most suitable model depends not only on the availability and quality of the input data and statistical technique, but also on the purpose of the model user. However, it is useful to combine different methods when trying to capture the underlying SSSC drivers and their dynamics. 
